Abstract. The high point density of airborne laser mapping systems enables achieving a detailed description of geographic objects and the terrain. Growing experience indicates, however, that extracting useful information directly from the data can be difficult. In this study, small-footprint lidar data were used to differentiate between young, mature, and old cottonwood trees in the San Pedro River Basin near Benson, Arizona, USA. The lidar data were acquired in June 2003, using the Optech Incorporated ALTM 1233 (Optech Incorporated, Toronto, Ont.), during flyovers conducted at an altitude of 750 m. The lidar data were preprocessed to create a two-band image of the study site: a high-accuracy canopy altitude model band, and a near-infrared intensity band. These lidar-derived images provided the basis for supervised classification of cottonwood age categories, using a maximum likelihood algorithm. The results of classification illustrate the potential of airborne lidar data to differentiate age classes of cottonwood trees for riparian areas quickly and accurately. 
Introduction
Lidar has emerged in recent years as a leading technology for the extraction of information about physical surfaces. The everincreasing point density of current airborne systems allows a detailed description of the surveyed surfaces to be achieved and provides a wealth of information on physical objects and the terrain.
Previous work has used lidar data in two principal ways, by classifying the data (i) as terrain and nonterrain points, and (ii) as features such as trees or buildings. Examples of the first approach include the work of Kraus and Pfeifer (1998) , who used an iterative linear prediction scheme for removing vegetation points in forested areas, and that of Vosselman (2000) , who used gradient-based techniques to separate building points from terrain points. Using the second approach, Axelsson (1999) presented algorithms for filtering and classification of data points into terrain, buildings, and electrical power lines using multiple returns of lidar data and the intensity return. Song et al. (2002) focused on assessing separation of different land cover types, such as trees, grass, roads, and roofs, based on interpolated intensity data, using three different interpolation techniques. Filin (2004) proposed a surface clustering technique for identifying regions in lidar data that exhibit homogeneity in a certain feature space, using attributes of position, tangent plane, and relative height difference for every point. The surfaces were categorized as high vegetation, low vegetation, smooth surfaces, and planar surfaces. Most of these previous studies involving classification of lidar data have focused on the use of unsupervised algorithms in a small number of classes, resulting in generalized classifications.
This research represents the first evaluation of the use of lidar data for age discrimination of riparian vegetation. We employed a supervised classification technique, the maximum likelihood algorithm, for differentiating age classes of cottonwood trees by using small-footprint lidar data for riparian areas. Riparian cottonwood trees use water in proportion to their age and are especially large users of water in floodplains along rivers in semiarid environments. More accurate quantification of riparian water use is required to manage basin water resources to maintain the economic, social, and ecological viability of these areas and ensure water for the growing human population in the basin.
Study area
The study was conducted along a reach of the San Pedro River (Escalante study site; 31°51′N, 110°13′W; 1110 m elevation) within the San Pedro Riparian National Conservation Area (SPRNCA) in southeastern Arizona, USA. The study site is 1.2 km long north to south, 1.4 km wide east to west, and relatively flat. The overstory is dominated by riparian forest vegetation, consisting of cottonwood (Populus fremontii) and mesquite (Prosopis velutina) as dominant and subdominant overstory species, respectively. The study area is populated by young-to-old dense cottonwood stands. Patches of cottonwood riparian forest are located along the stream channel.
Methods
The Optech Incorporated ALTM 1233 (Optech Incorporated, Toronto, Ont.) was used to survey the study site on 6 June 2003. Characteristics of the ALTM 1233 include a scanning frequency of 28 Hz, a scan angle of ±20°, a collection mode of first and last returns, and intensity of returns from a 1064 nm laser. Cross-track point spacing is 0.9 m, forward point spacing is 2.1 m, and footprint size is approximately 15 cm. The data were preprocessed into first and last returns. The attributes of any given laser return include not only x, y, and z coordinate data but also an intensity return value. The point data in firstreturn hits were interpolated using a kriging technique to produce a canopy altitude model (CAM) with a 0.5 m pixel grid. Additionally, the intensity return data and its x and y coordinates for both first and last hits were interpolated to the same 0.5 m regular grid corresponding to the CAM, thereby creating a near-infrared intensity image. Figure 1 illustrates the CAM and the corresponding intensity image for the study site. We performed a supervised classification of the two-band lidar image (altitude and intensity images) using the maximum likelihood algorithm. Supervised classification is particularly applicable to a study site such as ours, in which there are a limited number of land cover types, the researchers are familiar with the area, the geographic extent is reasonably small, and ground-truth data can be obtained. Ground-validation data were collected from July 2004 to March 2005. Three different ages of cottonwood trees were included in the field sampling: young cottonwoods (less than 15 years), mature cottonwoods (16-50 years), and old cottonwoods (greater than 50 years). Stem diameters at breast height (dbh; diameter measured 1.37 m above the ground) were measured with a diameter tape and recorded to the nearest millimetre to discriminate between young, mature, and old cottonwood patches, based on riverspecific equations that relate dbh to tree age (Stromberg, 1998) . We selected training sites representative of the main land cover types, from which class signatures were generated. Signatures were generated for different age classes of cottonwood trees, mesquite, saltcedar, dry stream channel, and open ground categories. Training sites were chosen by visual inspection of the lidar image, using expert knowledge of the study site, to identify a region of signal purity (pixel uniformity) for each category. Training sites for cottonwood are sets of trees visually selected in the image from the three age classes. Selection criteria for trees used for signature generation are (i) unambiguous identification in the lidar images, and (ii) clear separation of signatures between classes. To validate the image classification, we performed an accuracy assessment, in which actual land cover, as determined by field identification, was compared with classes for the corresponding areas assigned by the maximum likelihood classification. Two different methods were used for field ground truth: (i) four differentially corrected global positioning system (GPS) points were acquired at the corners of a square centered on each cottonwood, from which we identified each cottonwood in the classified image; and (ii) for non-cottonwood classes (stream channel, open ground, saltcedar, and mesquite), we generated a random sample of 20 points for each class. Ground-truth data were obtained at the GPS coordinates for each random point. We calculated the classification error matrix using these ground-truth results as our reference data. Because there are low numbers of young and old cottonwoods, all field-identified young and old trees were used both in signature generation and in the accuracy assessment. Twenty of the 40 mature cottonwoods were used in signature generation. All 40 mature trees were used in the accuracy assessment. For the other categories there is no overlap in regions used for signature generation and accuracy assessment. Users' and producers' accuracy and Cohen's kappa were computed.
Results and discussion
Our initial classification included young, mature, and old cottonwood classes; mesquite; saltcedar; stream channel; and open ground. The objective of our study was to determine the feasibility of identifying cottonwood age classes from lidar data. The final classified image is shown in Figure 2 . Accuracy assessment indicated that 78% of the two-band lidar image was correctly classified. The classification resulted in a Cohen's kappa of 0.73. If only cottonwood classes are considered, accuracy assessment gives a Cohen's kappa of 0.44 and an overall accuracy of 68%. The error matrix used for accuracy assessment including all categories is given in Table 1 . Accuracy assessment results are presented in Table 2 .
Although the overall classification accuracy was reasonably good, it can be seen from Table 1 that discrimination of young cottonwoods from mature cottonwoods failed for almost half the young trees. Overlap in height between young and mature cottonwoods may be a contributing factor in the confusion between young and mature cottonwoods. Another confounding factor is the absence of a significant difference in lidar mean intensity between young and mature trees. Leaves and branches of young and mature cottonwoods have almost the same color and brightness and have very similar surface reflectance in the near-infrared, giving rise to similar lidar intensity returns. All of the trees classified in the image as young cottonwoods corresponded to trees identified by fieldwork as young cottonwoods. We failed to achieve accurate separation of mature from old cottonwoods in the image for approximately one third of the mature trees because of overlap between the crowns of mature and old cottonwoods; 73% of mature cottonwoods identified as such by fieldwork were classified as mature in the image. Successful separation of old from young and mature cottonwoods was facilitated by the strong differences in crown shape. Old cottonwoods have conical and flat-topped crowns, whereas young cottonwoods have narrow and upright crowns. The crowns of these old cottonwoods are isolated from each other, and also there is a large difference between the elevations of each tree crown and the surrounding understory vegetation, allowing the maximum likelihood algorithm to classify them more accurately. Of the noncottonwood classes, saltcedar proved the most difficult to classify correctly. Only 55% of saltcedar in the field was classified as such in the image. The rest were classified as either mesquite (3 of 20 trees) or open ground (6 of 20 trees). The confusion between saltcedar trees and open ground may result from saltcedar with sparse foliage, allowing penetration through the canopy to the ground by lidar pulses. Overall, we did not find this to be a factor for cottonwoods. A major factor in the classification of non-cottonwoods as cottonwoods, especially as mature cottonwoods, is the topography of the study area. Topographic effects were not taken into account. For example, the assignment of a road northwest of the stream channel to the mature cottonwood class was caused by elevation change between the stream channel and the area to the northwest. Correction for topographic effects might be accomplished by including a digital elevation model based on ground returns as a third image band in the analysis.
Conclusions
This research employed a supervised classification technique, the maximum likelihood algorithm, for differentiating age classes of cottonwood trees in a riparian area using small-footprint airborne lidar data. The accuracy assessment gave an overall classification accuracy of 78% and an overall kappa statistic of 0.73. Overall, classification results illustrate the potential of airborne lidar data to differentiate age classes of cottonwood trees for riparian areas quickly and quantitatively. Thus, identifying cottonwoods in the riparian forest and, more importantly, differentiating cottonwood age classes using lidar provide an important contribution to precision forest inventory and automated data processing for riparian forestry applications. Future research should consider fusing high spatial resolution multispectral or hyperspectral data and lidar data to improve classification results for species identification in riparian areas.
